Forest fires are a common natural disturbance in forested ecosystems and have a large impact on the microbial communities in forest soils. The response of soil fungal communities to forest fire is poorly documented. Here, we investigated fungal community structure and function across a 152-year boreal forest fire chronosequence using high-throughput sequencing of the internal transcribed spacer 2 (ITS2) region and a functional gene array (GeoChip). Our results demonstrate that the boreal forest soil fungal community was most diverse soon after a fire disturbance and declined over time. The differences in the fungal communities were explained by changes in the abundance of basidiomycetes and ascomycetes. Ectomycorrhizal (ECM) fungi contributed to the increase in basidiomycete abundance over time, with the operational taxonomic units (OTUs) representing the genera Cortinarius and Piloderma dominating in abundance. Hierarchical cluster analysis by using gene signal intensity revealed that the sites with different fire histories formed separate clusters, suggesting differences in the potential to maintain essential biogeochemical soil processes. The site with the greatest biological diversity had also the most diverse genes. The genes involved in organic matter degradation in the mature forest, in which ECM fungi were the most abundant, were as common in the youngest site, in which saprotrophic fungi had a relatively higher abundance. This study provides insight into the impact of fire disturbance on soil fungal community dynamics.
B
oreal forest soils play an important role in the global carbon cycle (1) and are a net sink for atmospheric CO 2 (2, 3) . Approximately 16% of the terrestrial carbon (C) stock is estimated to be stored in the boreal forest ecosystem (1) . Fire is a natural disturbance in most forest ecosystems (4) , and about 1% of the boreal forest burns annually (5) . The frequency of forest fires in the northern boreal zone is expected to increase because of rising temperatures and more frequent dry periods resulting from ongoing climate change (6) .
Soil microbes perform essential ecological functions in forested ecosystems via nutrient cycling and decomposition of organic matter. Microbial activities control the turnover of organic C in soil and thus contribute to global C cycling (7) . Fungi are the predominant decomposers in boreal soils and play a central role in the turnover of carbon and nitrogen (8) . Ectomycorrhizal fungi form symbioses with both trees and ground vegetation in boreal forests. Many species of ground vegetation can additionally form symbioses with ericoid mycorrhizal fungi. Boreal forest ecosystem productivity is linked to plant nutrient acquisition from the microbial community via soil organic matter (SOM) decomposition. Forest fires result in the loss of mycorrhizal host plants and may modify the SOM chemistry, leading to dramatic changes in soil microbial activity (9, 10) . Fire disturbance often increases soil pH and causes changes in soil temperature due to loss of canopy cover, both of which likely have large direct and indirect effects on soil microbial communities (11) (12) (13) . It is important to understand how microbial communities respond to the postfire environment and what are the most important environmental factors driving the fungal community structure and function.
The impact of fire on microbial communities has received less attention than the effects of fire on vegetation and soil properties. Detailed investigations of long-term changes in microbial community dynamics following fires are rare, especially for fungi. The recovery of fungal biomass has been reported to be related to a decrease in SOM turnover time in a boreal fire chronosequence (14) . Previous studies have shown that the increase in soil pH after fire favors bacteria (15) and reduces the richness and diversity of mycorrhizal fungi (16, 17) . Fire can also lead to significant losses in fungal biomass in organic horizons (18) . The microbial community responses to reoccurring low-intensity prescribed burning have been reported to be minimal unless fires are implemented at high frequency (2-to 3-year intervals) (19, 20) . However, only a few studies have investigated whether these changes in the microbial community persist over long periods of time. There are large numbers of studies using nonmolecular methods to investigate the effects of fire on fungal communities, from boreal to Mediterranean areas (21) (22) (23) (24) (25) . Studies examining the recovery of fungal components of the soil microbial communities in boreal forests are lacking (26, 27) . There is also an urgent need to determine how fire affects fungal communities and their ecosystem functions using high-throughput molecular biological tools.
The recent advances in next-generation sequencing (NGS) have provided powerful tools to address microbial diversity and community composition differences in complex environments (19, (28) (29) (30) . Further, high-throughput functional gene arrays provide a useful tool to characterize the functional attributes of microbial communities for environmental microbial community analysis (31) (32) (33) (34) . The GeoChip 4.0 functional array contains approximately 82,000 probes covering 142,000 coding sequences from 410 functional gene families related to microbe-driven biogeochemical, ecological, and environmental processes (34) . The GeoChip microarray provides, therefore, the ability to analyze targeted functional gene families originating from a wide range of different microbial groups (i.e., eukaryotes, prokaryotes, and viruses).
The main aims of the study were to evaluate the short-and long-term effects of forest fires and the postfire succession on soil fungal communities and to assess the functional potential of fungal communities after fire. We hypothesized that with increasing time since the last fire, the fungal community composition gradually shifts from being saprophytic to being more strongly dominated by mycorrhizal fungi. The community functions involved in different biochemical processes were hypothesized to shift correspondingly. We coupled a high-throughput metabarcoding approach with functional gene arrays to analyze the diversity and composition of soil fungal communities and to evaluate their functional potential across four different periods of time postfire in a 152-year fire chronosequence. The results are discussed in the context of dynamics and postfire responses of fungal community structure and function in boreal forest ecosystems.
MATERIALS AND METHODS
Study area and soil sampling. The five sampling sites were located in the northern boreal subarctic coniferous forest of the Värriö Strict Nature Reserve in northeastern Finland (67°46=N, 29°35=E). The study area (18 km 2 ) was dominated by Pinus sylvestris L., with scattered Betula pubescens Ehrh. and Picea abies (L.) Karst trees. The ground vegetation consists mostly of Vaccinium myrtillus L., Vaccinium vitis-idaea (Lodd.) Hulten, Empetrum nigrum L., and Cladina species. The study was conducted at five sampling sites across a fire chronosequence and included four different periods of time (five sites) since the last fire: 2 years (2y), 42 years (42y), 60 years (60y-A and 60y-B), and 152 years (152y) after fire. The fire disturbance occurring 60 years prior included two sites, 60y-A and 60-B, which were in two different areas about 1.5 km from each other. None of the fires detected on the sample plots were completely stand-replacing events, as some trees survived in areas where the fire occurred 2, 42, and 60 years ago (see Table S1 in the supplemental material), and we found some trees that were Ͼ152 years old in the sites where fire occurred 152 years ago (see Table S1 ). A thin humus layer was left after the fire at the 2y site. Nonstand-replacing fire disturbances are frequent in Eurasian boreal forests. Also, as in many boreal fire chronosequence studies, we were not able to find an unburnt control, since all the landscape has burned at some point in time (35) . Detailed information on the study sites was previously described (14) (see Table S1 ).
Two plots were chosen at each site and separated by a distance of Ն100 m. This was considered to be sufficient to break any spatial correlation of soil characteristics or fire intensity (36) . We took five consecutive soil samples at each plot (with a distance of 4 m from each other), resulting in 10 individual samples per site (5 samples/plot and 2 plots/site). All samples were collected in August 2011. The humus layer samples (0.5 to 1.0 cm thick) were collected from a 0.25 m by 0.25 m quadrat of soil at the interface of the humus and the mineral soil after removing the litter. The samples were mixed well and transferred to 1.5-ml Eppendorf vials. The samples were frozen at Ϫ180°C in liquid nitrogen within a few hours after collection and transported to the laboratory on dry ice for subsequent DNA isolation. The soil microbial biomass was estimated by measuring the ergosterol content from the samples collected from the humus layer (14) .
Five soil cores, each 0.05 m in diameter and 0.15 m in length, were taken 4 months apart at each sampling plot in order to determine soil C and N content, root biomass, and soil pH. These samples were stored at 4°C until subsequent analysis. Soil C and N contents were measured with an elemental analyzer (vario MAX CN elemental analyzer; Elementar Analysensysteme GmbH, Germany) after the soil samples were dried and passed through a 2-mm-pore-size mesh sieve. The soil temperature and water content were also measured at each sampling site, as previously described (14) .
DNA extraction, amplification of ITS2 region, and pyrosequencing. Genomic DNA was extracted from 0.25 g (fresh weight) of each homogenized soil sample using the PowerSoil DNA isolation kit (Mo Bio Laboratories, Carlsbad, CA, USA), according to the manufacturer's instructions. The genomic DNA was purified using the GeneClean Turbo kit (MP Biomedicals, LLC, France), quantified with a Qubit 2.0 fluorometer (Life Technologies, Eugene, OR, USA), and adjusted to a final concentration of 10 ng l Ϫ1 . The fungus-specific primers gITS7, containing a 454 pyrosequencing Aadapter, and ITS4, containing a 454 pyrosequencing B-adapter and a 6-bp barcode, were used to amplify the internal transcribed spacer 2 (ITS2) region (37) . Thirty nanograms of template genomic DNA was used for a 25-l-volume PCR using Phusion high-fidelity DNA polymerase (Thermo Scientific, Vantaa, Finland), according to the manufacturer's protocol. The PCRs were performed in triplicate for each sample to minimize PCR biases. The possible amplification of contaminants was tested through the use of PCR negative controls in which the template DNA was replaced with sterile H 2 O.
Five microliters of each PCR product was separated on a 1.5% agarose gel run at 130 V for 20 min. The mixtures from triplicate PCRs per sample were pooled and purified using Agencourt AMPure XP beads (Beckman Coulter) to remove nonincorporated primers and deoxynucleoside triphosphates (dNTPs). The DNA concentration of each sample was determined after purification using a NanoDrop ND-1000 spectrophotometer (NanoDrop Technologies, Wilmington, DE, USA). One hundred nanograms of the PCR products was sequenced using the ITS4 primer with the 454 GS-FLX Titanium protocol (454 Life Sciences/Roche Diagnostics, CT, USA).
Pyrosequencing data processing. The sequence data were analyzed using the mothur pipeline (version 1.31.2) (38) using a modified operation procedure (19) . Briefly, the raw reads were quality controlled, and each sequence was screened for a match to the sequencing primer (ITS4) and valid DNA tag. Sequences were removed if shown to contain ambiguous (N) bases, homopolymers longer than eight nucleotides, or a Phred quality score of Ͻ25. Sequences that passed the quality filtering were truncated to 200 bp in length after primer and tag removal. The remaining sequences were preclustered within a distance of 1 bp using a pseudosingle-linkage algorithm implemented in mothur to minimize sequences that contain pyrosequencing errors (39) . All potentially chimeric sequences were identified using the mothur-embedded UCHIME program (40) and removed. Unique sequences were pairwise aligned using the Needleman method (41), and the aligned distance matrices were clustered into operational taxonomic units (OTUs) using the average neighbor algorithm and 97% sequence similarity. All global singletons (OTUs that contain only one sequence across all samples) were omitted due to their uncertain origin (19, 42) . The OTUs were assigned to taxa using the naive Bayesian classifier (43) and the mothur-formatted UNITE taxonomy reference (UNITEϩINSD, version 6 [http://unite.ut.ee/repository.php]) with an 80% confidence threshold (43) . Nonfungal sequences were removed using the remove lineage command in mothur. The top 50 identified fungal genera were categorized into ectomycorrhizae (ECM), ericoid mycorrhizae (ERM), and saprotrophs (SAP) based on the ecological/ functional role, in accordance with information in the published literature. The definition of ECM referred to genera for which most of the members formed an ectomycorrhizal association. ERM referred to genera for which most of the members formed an ericoid mycorrhizal association. SAP referred to genera that are not ECM or ERM and not known to be pathogenic fungi. All other functional forms were classified as unknown. Observed and estimated species richness (Chao1) (44) Table S2 in the supplemental material.
The sequence data were randomly subsampled to 2,400 reads per sample (45) to calculate richness and diversity estimators for a comparison between fungal communities in order to correct for differences in sampling effort and ensure comparable estimators across samples. The cumulative-sum scaling (CSS) method (46) without subsampling was used to validate the results obtained from rarified data (subsample normalization).
DNA labeling, GeoChip 4.0 microarray hybridization, data processing, and visualization. DNA samples from the 2y, 60y-B, and 152y sites were used for GeoChip 4.0 microarray analyses with three replicates to assess the gene structure of the fungal communities. The genomic DNA of each replicate was obtained by randomly pooling three individual genomic DNA samples that were obtained from each site and used previously for sequence analysis. One hundred nanograms of genomic DNA was amplified by rolling circle amplification using the TempliPhi kit (GE Healthcare) and a modified protocol (47) . Approximately 2 g of amplified genomic DNA was mixed with random primers (3 g/l random hexamers; Life Technologies) and then labeled with 15 l of labeling master mix (2.5 l of dNTP [5 mM dATP, dGTP, and dCTP and 2.5 mM dTTP], 0.5 l of Cy-3 dUTP [25 nM; GE Healthcare], 1 l of Klenow fragment [40 U ml Ϫ1 ; Imer, San Diego, CA], 5 l of Klenow buffer, 2.5 l of water) (48) . The labeled genomic DNA was purified using the QIAquick purification kit (Qiagen), according the manufacturer's instructions, and then dried in a SpeedVac at 45°C for 45 min (Thermo Savant). Labeled genomic DNA was hybridized on the GeoChip 4.0 microarray, as previously described (48, 49) . Data normalization and quality filtering were performed in multiple steps (34, 48) . Briefly, the probes in the GeoChip microarray were first organized by gene lineage (bacteria/ fungi/archaea/viruses), and only fungal genes were included in the analysis. Spots were scored as positive and retained if the signal-to-noise ratio (SNR), calculated as (signal mean Ϫ background mean)/background standard deviation, was Ն2.0. Only the spots automatically scored as positive in the raw data were used for further data analysis. Spots with a signal intensity of Ͻ1,000 were discarded. The process and functions used for the complete analysis of the remaining data were performed in the R (50) gplots package (51) for hierarchical cluster analysis (HCA). The gene diversity in each sample was calculated by inverse Simpson's index (1/D).
Statistical analysis. Linear mixed models were used to compare the differences in fungal diversity (1/D), richness (Chao1), and evenness between sites, assuming times after the last forest fire to be fixed effects. Plots and samples were considered nested random effects within each time period after the last fire. The mixed models break down the variance into inter-and intraplot components and thus improve the true structure of the randomness present in the data in spatial sampling (52) . Analysis was done using the lme4 package in R (53) . Multiple comparisons of means were done using the multcomp package of the R statistical environment (54) .
The stepwise linear regression analysis method was performed to compare the relative abundances of a phylum or genus across sites. The relative abundance of a fungal group or OTU at each period of time was calculated by dividing the number of sequences in each group or OTU by the number of sequences in each period of time since fire. Nonmetric multidimensional scaling (NMDS) was used to visualize the difference in fungal community and function between fire ages (sites), including environmental variables as vectors contributing to fungal community composition. The environmental variable data (e.g., soil pH, water content, soil C and N contents, tree root biomass, and ergosterol content) were derived from a study by Köster et al. (14) . The NMDS analysis was done by using the vegan package with the metaMDS and envfit functions in R (55) . A permanova implemented in mothur (56) was performed to determine the significant difference in the community structure between sites.
Canonical correspondence analysis (CCA) and analysis of similarities (ANOSIM) (57) were used to determine the fungal gene structures and test the correlation between fungal genetic diversity and taxonomic composition. The fungal genera identified in the pyrosequencing data were used as vectors in CCA. CCA and ANOSIM were done using the vegan package with the vegdist, envfit, and anosim functions in R. The data used in NMDS, CCA, ANOSIM, and HCA were based on either the relative abundance of each fungal group or OTU from pyrosequencing or the signal intensity from the GeoChip microarray. The scripts used in R to process the data are listed in Table S2 in the supplemental material.
Accession number. The raw sequence data are available in the European Nucleotide Archive (ENA) at the European Bioinformatics Institute (EBI) under accession no. PRJEB6382.
RESULTS
Information on pyrosequencing data. Using 454 pyrosequencing, we obtained 431,595 raw sequences, with an average read length of 299 bp. A total of 316,206 high-quality sequences (73% of raw sequences) were retained after denoising and quality filtering. The number of sequences from each sample ranged from 2,476 to 15,747, with an average Ϯ standard deviation of 6,324 Ϯ 2,744 reads. A total of 2,400 sequences were randomly subsampled from each sample for comparable analysis between sites (see Table  S4 in the supplemental material). The species accumulations (rarefaction) with sequencing efforts are shown in Fig. S1 in the supplemental material. The cumulative-sum scaling (CSS) analyses were consistent with the subsampling (see Table S4 ).
Fungal diversity and community composition after fire. We observed a total of 2,007 OTUs (4,699 OTUs, including singletons) across all samples. The 2y site harbored the most diverse and even community, whereas the 152y site had the least diverse community (Fig. 1) . Pairwise post hoc comparisons of time points since fire using Tukey's test revealed that the inverse diversity (1/D) differed significantly between the 2y and 152y sites (P Ͻ 0.02), 42y site (P Ͻ 0.001), and 60y-A site (P Ͻ 0.02) (Fig. 1b) . The OTU richness (Chao1) at the 2y site significantly differed from that at the 60y-A site (P Ͻ 0.001) and 152y site (P Ͻ 0.001) (Fig. 1a) . Sites with intermediate fire histories (42y and 60y) did not differ in richness or diversity. The observed OTU richness and diversity indices tended to decrease with increasing time since fire (Fig. 1) .
The OTUs were classified into four fungal phyla. The phylum Ascomycota was the most species rich, whereas Basidiomycota dominated the sequence counts (Fig. 2a) . The majority of the OTUs (42% of the total 2,007 OTUs) belonged to the Ascomycota, covering 90,919 sequence reads (29% of the total 313,514 reads). Basidiomycota represented 28% (568 OTUs) of the total OTUs but accounted for more than half (52% [162,169]) of the sequences. Zygomycota and Chytridiomycota made up 2% and 0.4% of the OTUs and accounted for 1.2% and 2.2% of the sequence count, respectively. Fifteen percent (48, 408) of the fungal sequences were not classified into any fungal phylum (Fig. 2b) . Ascomycota dominated at the site with the most recent fire (2y), whereas Basidiomycota were more abundant at sites with fires occurring longer ago (i.e., Ն42 years ago) (Fig. 3) . Regression analyses of the relative abundances indicated that ascomycetes decreased with increasing time since fire (P ϭ 0.031, R 2 ϭ 0.60), whereas basidio-mycetes increased (P ϭ 0.028, R 2 ϭ 0.15). More than 30% of the OTUs (627 OTUs) were assigned to the genus or species level and accounted for half of the sequences. Two hundred fifty OTUs belonged to the Ascomycota, which accounted for 9% of the total sequence reads, while 291 OTUs belonged to the Basidiomycota, which accounted for 44% of the reads.
The fungal community composition differed between the sites. Differences in community composition across the chronosequence were primarily driven by changes in the abundance of basidiomycetes and ascomycetes (Fig. 3) . The ectomycorrhizal (ECM) genus Cortinarius was the most abundant (18.5% of sequences, 136 OTUs) across all sampling sites, followed by the ECM genus Piloderma (14.2%, 12 OTUs), the ericoid mycorrhizal (ERM) genus Rhizoscyphus (5.6%, 59 OTUs), the ECM genus Suillus (2.2%, 32 OTUs), the ECM genus Lactarius (2.2%, 20 OTUs), the ECM genus Russula (1.9%, 8 OTUs), the largely ERM genus Meliniomyces (1.0%, 18 OTUs), and the soil-inhabiting zygomycetous genus Mortierella (1.1%) (see Table S3 in the supplemental material). The abundance of Cortinarius increased with increasing time after fire and reached the maximum at the 152y site (P Ͻ 0.001, R 2 ϭ 0.524). The abundance of Piloderma was highest at 42 years after fire but decreased constantly afterwards (see Fig. S2 in the supplemental material). The abundance of the two genera differed significantly between the 2y and 152y sites (P Ͻ 0.001). Interestingly, Russula was found at the 60y-B site only. The abundance of the ERM genus Rhizoscyphus remained stable across the sites (ϳ5.3%). Among the top 50 most abundant fungal genera, with an abundance of Ͼ0.01%, ECM fungi dominated and ranged from 24.7% to 46.6% between the sites, followed by ERM (8.4% to 5.9%) and putative saprotrophs (6.4% to 1.9%) (Fig. 4 ; see also Fig. S2 and Table S3 in the supplemental material). Genera with unknown affinities comprised 37% to 61% of the sequences at each site. The abundance of ECM was the lowest 2y after fire, and putative saprotrophs were most common at that site. Thereafter, the abundance of ECM increased, and that of saprotrophs decreased (Fig. 4) .
Only 187 (9.3%) of the 2,007 OTUs were shared among all sites. The number and proportion of OTUs unique to each site ranged from 96 to 192 and 11.1% to 21.1% (see Fig. S3 in the supplemental material). The site with most recent fire had the highest number (192) of unique OTUs. The NMDS analyses based on relative OTU abundance indicated a clear separation in fungal communities between the sites with more recent fires and those occurring longer ago (Fig. 5a) . A subsequent permanova test also indicated that the 2y and 152 y communities were different from each other (P Ͻ 0.02) and from those with other periods of time after fire (P Ͻ 0.02). Communities at sites with intermediate fire histories (i.e., the 42y and 60y sites) were similar and did not differ in community composition (P ϭ 0.3).
Fungal gene diversity and structure after fire. In total, 3,042 fungal gene probes (69,476 probes in total) were detected using the GeoChip 4.0 microarray at the three sites (2y, 60y-B, and 152y) included in the functional analyses (see Table S5 in the supplemental material). Gene probes originating from bacteria, archaea, and viruses were excluded from this analysis. The number of functional genes and gene diversity (measured by 1/D) varied between the sites (Table 1 ; see also Fig. S5 in the supplemental material). The 2y site had the highest number of detected genes (mean Ϯ standard deviation, 2,286 Ϯ 42 genes) and the highest gene diversity. The 60y-B site had the lowest number of genes detected (mean Ϯ standard deviation, 2,041 Ϯ 129 genes) and the lowest estimated gene diversity. While the number of detected genes and gene diversity at the 2y site differed significantly from those of the 60y sites (Tukey's test, P ϭ 0.03 for both) ( Table 1 ; see also Fig.  S5) , neither of the 60y sites differed from the 152y site.
We visualized the functional gene structure between sites generated using the GeoChip 4.0 microarray using NMDS (Fig. 5b) . A subsequent analysis of the similarities (ANOSIM) confirmed that sites with different fire histories indeed possessed distinct compositions of functional genes (R 2 ϭ 0.999, P ϭ 0.003). The hierarchical cluster analysis (HCA) based on the abundance of all functional genes revealed a difference in functional genes between the sites and clustered genes into 15 subclusters (Fig. 6) . The 2y and 152y sites clustered together, indicating similar gene profiles, whereas both differed from the 60y-B site (P ϭ 0.003 for both; Fig. 6 ).
Functional genes involved in different processes. Overall, the subclusters (Fig. 6) included genes involved in distinct biogeochemical processes (Table 1) . Nearly half of the detected genes were present in all samples. Genes encoding enzymes for hemicellulose degradation were more abundant at the 2y site than at the 152y site (P ϭ 0.04), and genes encoding enzymes for chitin breakdown were more abundant at the 152y site than at the 60y site (P ϭ 0.03) ( Table 1) . Some of the genes in subclusters 2, 4, 6, 8, and 9, which were derived from HCA (Fig. 6) , were site specific (see Fig.  S4 in the supplemental material). For example, genes in subcluster 2 (135 genes) were observed at the 60y and 152y sites only. Genes in this subcluster mainly encode proteins in the following functional categories: iron transport (26 genes) and degradation of lignin (20) , cellulose (18) , pectin (14) , and chitin (10) . Genes in subcluster 4 (107 genes) that represent functions similar to those in subcluster 2 were absent at the 152y site only. Genes in subclusters 6 (202 genes) and 9 (207 genes) were present only at the 2y and 152y sites, respectively. The two subclusters comprised similar gene categories, with high frequencies of genes encoding proteins involved in the breakdown of hemicellulose (12) and transport (42) in subcluster 6 and aromatic carboxylic acid (21) and chitin (17) in subcluster 9. One hundred seventeen genes in cluster 8 were not present at the 60y site.
Relationship between fungal community composition and functional gene structure. The numbers of fungal OTUs and detected functional genes were positively correlated (Spearman correlation R 2 ϭ 0.356, P ϭ 0.01); i.e., the more OTUs in a sample, the more functional genes were detected. The CCA using the 50 most common fungal genera as vectors highlighted that 12 genera were correlated (P Ͻ 0.01) with the functional gene content at the three sites (Fig. 7) . Saprobic and common soil-inhabiting genera (Mortierella, Mycena, Lecythophora, and Coccomyces) were correlated with gene structure at the 2y site (Fig. 7) . Of these, Mortierella and Mycena were among the most common genera at the 2y site (see Table S3 in the supplemental material). The ECM genus Cortinarius was associated with functional genes at the 152y site (Fig. 7) and strongly dominated at this site (see Fig. S2 in the supplemental material). The ECM genus Hygrophorus was correlated with the functional genes at the 60y-B site, even though it was not among the top 20 most common genera at this site ( Fig. 7 ; see also Fig. S1 in the supplemental material) . ECM fungi were clearly associated with 152y site and the saprobes (SAP) with the 2y site when the groups of ECM, ERM, and SAP were used as vectors (Fig. 7) .
Environmental factors contributing to fungal community composition and function. Many environmental parameters were strongly correlated with the taxonomic and gene structures of the fire sites (Fig. 5a and b) . Soil pH and temperature were positively correlated with the community composition at the 2y site ( Fig. 5a and b) . The community at the 60y-A site correlated with low pH (Fig. 5a) . Tree root biomass (TRootBiom) was linked to the fungal community at the 2y and 152y sites (Fig. 5a and b) , and soil N and C contents, water content, and fungal biomass (as estimated from ergosterol content) were associated with the communities at the 60y sites.
DISCUSSION
Our pyrosequencing and gene microarray data from a fire chronosequence demonstrated that fungal abundance and community structure were clearly site related. Fungal richness and diversity were higher at the recently burned forest sites than at sites with fire events that occurred longer ago. The fungal communities at the sites with the most recent (2y) and distant (152y) fires differed. Genera and species from different functional groups dominated at these stages of postfire forest development ( Fig. 4 ; see also Mycorrhizal fungi are crucial in SOM transformations (58) (59) (60) . The ECM fungus Paxillus involutus can convert SOM using a mechanism similar to that employed by brown-rot fungi using Fenton chemistry (61) . Unique sets of genes that have been retained during fungal evolution may allow ECM fungi to decompose lignocellulose (62) . In our study, the numbers of lignin-degrading genes detected at different sites did not differ among sites with different fire histories (Table 1) . However, a limited number of genes encoding chitin-and hemicellulose-degrading enzymes differed between the oldest and other sites (Table 1) . Chitinaseencoding genes were more abundant at the site with the oldest fire occurring, whereas hemicellulose genes were more abundant at sites with more recent fires. Chitin is decomposed primarily by N-limited microbiota for a source of N, and differences in the chitin utilization dynamics can indicate a discrepancy in microbial biomass or a difference in microbial communities (63) . Chitin in boreal forest soils is mostly derived from dead fungal hyphae and is relatively easily available for fungi (64) . However, when drawing conclusions regarding community functions, it is important to bear in mind that the GeoChip microarray data reflect the microbial communities carrying those genes and can be used only to estimate the potential functional capacity at the sites.
Soil properties and plant diversity are key factors shaping microbial communities (65) . Increased quantities of decomposable and burned material increase soil pH due to the production of K and Na oxides, hydroxides, and carbonates through ash deposition (66) . In our study, soil pH was correlated with the fungal community structure at the 2y site (Fig. 5) . The increased soil pH may favor bacterial growth and result in a relative decline in fungal biomass (14) . Fire is also believed to cause significant losses of fungal biomass in the organic horizons (18) . We hypothesize that this reduction in fungal biomass, associated with a litter pulse from the dead vegetation in a ground fire, creates empty niches (67) that can be rapidly colonized by fungi specialized in the early stages of substrate decomposition (68) (69) (70) . In our study, saprotrophic and ascomycete fungi were most common 2 years after fire, suggesting a response to the greater availability of decomposable material. The remaining organic fractions of C and N become more recalcitrant, and the mycorrhizal abundance increases with increasing time from the fire, after the easily decomposable compounds are consumed (3, 9) . High proportions of fungal sequences (31 to 61%) at any of our study sites were not assigned to a functional group, and the largest proportion of unknown sequences was observed at the 2y site. It is unclear to which functional groups (ERM, ECM, and SAP) these unidentified sequences belong; further research into the function and diversity of soil fungal communities is clearly needed. The postfire changes in vegetation may more strongly shape the soil microbial community that represents the direct effects of the fire disturbance (71) . Previous studies have reported that the loss of host plants after fire clearly reduces mycorrhizal fungal diversity (17, 72) . Our sites were dominated by P. sylvestris and included an abundant ericaceous understory, which can host both ECM and ERM fungi (73) . The increase in fungal biomass during succession and the symbiotic associations between trees and mycorrhizal fungi favor the replacement of saprotrophic fungi (74) . The loss of vegetation cover after fire can contribute to factors (i.e., loss of water, organic matter, etc.) that lead to prolonged elevated soil temperatures (13, 14) . Changes in both temperature and water content after fire may control microbial growth and metabolism, which in turn alter the community function. Soil C and N contents and tree root biomass are also important controls of fungal communities after fire (14) . In our study, sites with different fire histories housed distinct fungal communities in terms of both composition and function, although the importance of the changes in environmental conditions remains to be elucidated.
Cortinarius strongly dominated the fungal community at the 152y site, and almost 45% of all OTUs belonged to this genus. This dominance strongly contributes to the low diversity and evenness at the 152y site. The genus Cortinarius can be important in the decomposition of complex organic matter and may mobilize organically bound N in boreal forest soils (75) . This genus can also possess genes needed to degrade lignin-like recalcitrant organic substrates (75) . Species of the ECM genus Piloderma are abundant in coniferous forests (76) and favor low-N conditions (77) . However, in our analyses, Piloderma did not correlate with soil N content, as its abundance varied among the sites with similar N concentrations (see Table S1 in the supplemental material). Interestingly, the ECM genus Russula was detected at the 60y-B site only (see Fig. S2 in the supplemental material) , and the occurrence of Russula seems to contribute to the decrease in the abundance of other genera at this site. Koide et al. (78) provided evidence for antagonism among ECM fungi, in which the abundance of some species of Russula was negatively correlated with the abundance of other ECM. It is possible that ECM fungi compete for resources, such as water, N, and P, resulting in competitive exclusion of the weaker competitors.
Our fungal GeoChip microarray data clearly distinguished the communities at the 2y, 60y, and 152y sites. The three replicate samples from each site clustered closely together, and the sites were separated from each other by gene structure. This indicates differences in gene profiles present at the different sites. Approximately half of the genes in the array were present in all samples. The remaining genes suggested site-specific differences and clustered samples to site-specific clusters (Fig. 6) . Genes encoding chitin-degrading enzymes (chitinases) were most abundant at the 152y site, and genes encoding hemicellulose-degrading enzymes were most abundant at the 2y and 60y sites. Analyses of composition and function revealed positive correlations, suggesting that greater biological diversity leads to greater functional potential. However, the redundancies in the genes represented in the array (Table 1) compromised our ability to detect functional differences. Based on our DNA-based microarrays, the gene profiles at all sites are diverse, and only a few differences are due to the presence/absence of certain genes or their abundance. Evidently, other metagenomic approaches to assay the functional attributes of the fungal communities are necessary to better link the abundance of functional genes to their expression.
In conclusion, our study highlights several important aspects of soil microbial ecology. First, despite the relatively high redundancy in functional gene profiles, we showed that the successional stage with higher biological diversity also represents the most diverse gene profile. This observation is important when conservation of ecosystem services and functions of soil biota are considered. Second, we demonstrated that soil pH and temperature were clearly correlated with fungal communities, but the community composition shifts from an ascomycete-to a basidiomycete-dominated one with a greater abundance of ECM. This shift is slow and seems to require decades to occur. Third, the genes involved in the organic matter degradation in the mature forest, where ECM fungi were the most abundant, were as common at the youngest site, where saprotrophic fungi had a relatively higher abundance. We postulate a new hypothesis that nutrient acquisition by ECM fungi in mature forest soil may use genetic mechanisms similar to those of saprobes in fire-disturbed ecosystems.
